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Abstract  
Climate change will result in increased precipitation variability with more extreme events 
reflected in more frequent droughts as well as more frequent extremely wet conditions. The 
increase in precipitation variability will occur at different temporal scales from intra to inter-
annual and even longer scales. At the intra-annual scale, extreme precipitation events will be 
interspersed with prolonged periods in between events. At the inter-annual scale, dry years or 
multi-year droughts will be combined with wet years or multi-year wet conditions. 
Consequences of this aspect of climate change for the functioning ecosystems and their ability to 
provide ecosystem services have been underexplored. We used a process-based ecosystem model 
to simulate water losses and soil-water availability at 35 grassland locations in the central US 
under 4 levels of precipitation variability (control, +25, +50 +75%) and six temporal scales 
ranging from intra- to multi-annual variability. We show that the scale of temporal variability 
had a larger effect on soil-water availability than the magnitude of variability, and that inter- and 
multi-annual variability had much larger effects than intra-annual variability. Further, the effect 
of precipitation variability was modulated by mean annual precipitation. Arid-semiarid locations 
receiving less than about 380 mm yr
-1
 mean annual precipitation showed increases in water 
availability as a result of enhanced precipitation variability while more mesic locations (>380mm 
yr
-1
)  showed a decrease in soil water availability. The beneficial effects of enhanced variability 
in arid-semiarid regions resulted from a deepening of the soil-water availability profile and a 
reduction in bare soil evaporation. The deepening of the soil-water availability profile resulting 
from increase precipitation variability may promote future shifts in species composition and 
dominance to deeper-rooted woody plants for ecosystems that are susceptible to state changes. 
The break point, which has a mean of 380-mm with a range between 440 and 350 mm, is 
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remarkably similar to the 370-mm threshold of the inverse texture hypothesis, below which 
coarse-texture soils had higher productivity than fine-textured soils.  
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1 Introduction 
Major droughts and floods will become more frequent (Solomon et al. 2007; Field 2012) because 
of the increase in greenhouse gas concentration, as predicted by models (Singh et al. 2013) and 
as already observed in several regions around the world (Easterling et al. 2000; Christensen and 
Christensen 2003; Seneviratne et al. 2006; Lewis et al. 2011; Janssen et al. 2014). There will be 
larger precipitation events interspersed with longer periods of droughts within a year (Hennessy 
et al. 1997; Trenberth et al. 2003; Kharin et al. 2007), and there will be sequences of extreme dry 
years followed by multi-year extremely wet periods (Seneviratne et al. 2006; Lewis et al. 2011). 
Mechanisms for the increased precipitation variability at the intra- and inter-annual scales are 
different (Trenberth et al. 2003). At the intra-annual scale, increased precipitation variability 
results from the warming of the atmosphere and its increased water-holding capacity yielding 
increases in variability that range from 2.5% when constrained by the troposphere energy budget 
(Liu et al. 2013) to 7% per degree Kelvin as predicted by Clausius-Clapeyron relationship 
(Trenberth et al. 2003; Kharin et al. 2007). Greenhouse-gas-induced global warming results in 
increased precipitation variability at the inter-annual scale through other mechanisms, such as 
intensification of El Niño (Easterling et al. 2000; Lewis et al. 2011) or large-scale 
rearrangements of atmospheric circulation such as displacement of intertropical convergence 
(Malhi et al. 2008) or northward shift of climatic zones (Seneviratne et al. 2006). 
 Effects of changes in precipitation amount and its interactions with other global change 
drivers have been explored using experiments and models (Luo et al. 2008). Effects of 
precipitation variability have been studied in plants at short temporal scales (Robinson and Gross 
2010; Reyer et al. 2013). However, the effects of increased precipitation variability on the 
functioning of plants and ecosystems at a continental scale have received much less attention 
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than effects of directional changes in temperature, precipitation and CO2 concentration  (Field 
2012). Consequently, there is not a clear understanding of the differential effects of inter- and 
intra-annual precipitation variability, or whether increased precipitation variability will have 
negative or positive effects on ecosystem functioning. The relatively small scientific attention 
paid to consequences of precipitation variability contrasts with the fact that this topic is now part 
of the public narrative of climate change. A recent poll reported that 82 percent of Americans report 
that they personally experienced one type of extreme weather in the last year, and a large majority, 
ranging from 59 to 72%, believes that global warming made several high profile weather events worse. 
(Leiserowitz et al. 2012). Our objective was to elucidate the differential effects of intra- and inter-
annual precipitation variability on soil-water availability, the major determinant of functioning in 
grasslands, a spatially-extensive ecosystem type that covers nearly 41% of the Earth’s land 
surface and accounts for an important fraction of the global carbon budget (Reynolds et al. 2007; 
Poulter et al. 2014). 
 We focused on the dry ecoregion of North America including deserts, steppes, mixed 
grasslands and temperate prairies (Bailey 1998) (Fig. 1). This 3,200,000 km
2
 region is an ideal 
system to address effects of intra- and inter-annual precipitation variability on water availability 
at the continental scale because it has a strong W-E precipitation gradient (100-900 mm) 
orthogonal to an N-S temperature gradient (11-24ºC). Precipitation ranges from small amounts 
and high variability in desert grasslands (mean PPT=240mm, PPT CV=32%) to sub-humid 
grasslands receiving large amounts of precipitation and small variability (mean PPT=835mm, 
PPT CV=12%).  
 Soil-water availability, as the major determinant of the functioning of ecosystems, limits 
plant and microbial growth, and results from a balance between inputs and outputs. The major 
input is precipitation, and major outputs are plant transpiration, bare soil evaporation, and deep 
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percolation beyond rooting depth. At the plot scale, run-on and runoff have negligible effects. 
Plant transpiration depends on: (1)  evaporative demand that is determined by air temperature, 
radiation, humidity, and wind speed, and (2) soil water availability (Jackson et al. 2000). The 
latter depends on the amount of water, its distribution in the soil profile, and the distribution of 
active roots in the soil profile (Schulze et al. 1996). A mismatch between the distribution of 
active roots and soil water in the profile can severely constrain transpiration. Bare soil 
evaporation occurs mostly from the uppermost soil layers and therefore depends on evaporative 
demand and water availability in those layers. Finally, when upper layers are saturated and inputs 
exceed root absorption and soil evaporation, water moves downward beyond the layers explored 
by roots (deep percolation).  
 This work aimed at addressing four fundamental questions. (1) How are major paths of 
ecosystem-water loss (transpiration, soil evaporation, deep percolation) affected by the 
magnitude of precipitation variability from natural to increased variability up to 75%? (2) How 
are the paths of water loss affected by the scale of precipitation variability from intra- to inter 
annual and longer? (3) How do the effects of magnitude of variability and its temporal scale on 
water losses change along regional gradients of mean annual precipitation (MAP)? How do 
MAP, variability magnitude, and temporal scale affect water available to plants? 
 We addressed these questions by performing experimental simulations using a process-
based model (SOILWAT(Parton 1978)) in which we manipulated the magnitude of precipitation 
variability (control, enhanced by 25, 50, or 75%) and its scale (intra- and inter-annual at 1, 3, 6, 9 
and 12 year scales) for 35 grassland locations (Fig 1). For example, we enhanced intra-annual 
variability by 25% by multiplying each odd precipitation event by 1.25 and even precipitation 
event by 0.75 such that at the end of each year, the total amount was not modified but the 
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variability was enhanced (S1). In other words, in a hypothetical site that has 30 rainfall events 
per year, events 1, 3 …29 were multiplied by 1.25 and events 2, 4, 6…30 by 0.75. Similarly, to 
enhance variability at the inter-annual or multi-year scale, we multiplied total precipitation in 
each year or group of years by multipliers according to target variability magnitudes. Response 
variables were transpiration, soil evaporation, deep percolation, and soil water availability for 9 
different soil layers.  For each location and experimental simulation, we ran the model for 100 
years of modified precipitation while maintaining temperature at the recorded levels. Four 
variability magnitudes * 6 temporal scales * 35 sites * 12 response variables * 365 days * 100 
years yielded 3.67 x 10
8
 outputs for analysis.  
 Our approach was based on the conceptual framework (eq 1) that the impact of climate  
Eq 1 Impact of climate change =  (Climate Change, Ecosystem Sensitivity) 
change on ecosystem processes is a function of the degree of climate change and the sensitivity 
of ecosystems. In our case, the impact on ecosystem functioning depends on ecosystem 
sensitivity to precipitation variability and the degree that precipitation variability will increase, 
which in turn will vary with time into the future and magnitude of climate change drivers. Our 
objective was to assess the second part of equation 1, the sensitivity of ecosystems to enhanced 
precipitation variability.  We chose to explore a range of precipitation variability that would 
encompass changes predicted by global circulation models under various scenarios (Seneviratne 
et al. 2012). The IPCC special report on extreme events (Seneviratne et al. 2012) predicts for 
North America a reduction in the 20-yr precipitation return period, relative to late 20
th
 century 
for the period 2081-2100, ranging from 10 to 7 years for the B1 and A 2 scenarios. Our 
experimental simulations reduced the 20-yr return time of annual precipitation from 18 years up 
to 3 years (Fig 2). The experimental return period depended on the scale at which we modified 
8 
 
precipitation variability and the magnitude of the manipulation. Intra-annual variability had a 
smaller effect than interannual; and the higher the simulated precipitation variability the smaller 
the return period.  
 
2 Materials and Methods 
2.1 Modeling approach 
We used the simulation model SOILWAT (Parton 1978) that has been used extensively in 
several ecosystems around the world encompassing different vegetation types from deserts and 
grassland to shrublands and forests (Parton et al. 1987; Parton et al. 1988; Sala et al. 1992; 
Lauenroth et al. 1993; Lauenroth et al. 1994; Coffin and Lauenroth 1996; Peters 2000 ; Parton et 
al. 2001a; Parton et al. 2001b; Lauenroth and Bradford 2009; Lauenroth and Bradford 2012; 
Lauenroth et al. 2014). This model has proven to be a reliable tool to examine relationships 
among variables and drivers, to integrate experimental results, and to explore ecosystem 
responses beyond the spatial and temporal domain of the experiments. We used the ecosystem 
model SOILWAT (Parton 1978) in all 35 locations in our study area (Fig. 1) under both current 
climate and scenarios of enhanced precipitation variability.  
 
2.2Model Description 
SOILWAT is a multi-layer, daily time-step model that simulates soil water content (SWC) by 
depth in the soil profile (Parton 1978; Peters et al. 2010). Processes simulated in SOILWAT 
include water interception and subsequent evaporation from the plant canopy and litter, water 
infiltration into the soil, vertical water flow among soil layers, evaporation and transpiration 
from each soil layer, and soil water content by layer. SOILWAT does not model run-on and run 
9 
 
off assuming that they cancel each other and/or that the simulated plots are located on flat 
terrain. While run off is important to address watershed-scale questions, it is not necessary for 
the current study that focuses on the plot scale. Evaporation only occurs from the uppermost 
layers of the soil. SOILWAT requires input information about weather, soil properties and 
vegetation. Weather inputs include daily precipitation and temperature, and monthly relative 
humidity, wind speed and cloud cover. Soil properties for each of nine layers (0-5 cm, 5-10cm, 
10-15 cm, 15-20 cm, 20-30 cm, 30-40, 40-50, 50-80 , 80-100cm) consist of texture (% sand, silt, 
clay) and % rocks by volume. Field capacity and wilting point are calculated for each layer based 
on texture of the soil volume.  
 
2.3 Experimental Simulations  
First, we run the model SOILWAT for average climate conditions for 100 years. Then, we 
performed several experiments by generating future climate with increased precipitation 
variability. We increased intra-annual precipitation variability by 25, 50, and 75%. In order to 
increase variability by 25%, in a 100-yr sequence of precipitation events, we added 25% to odd 
events and subtracted 25% from even events. So at the end, each treatment had the same total 
precipitation than the control but the variability was enhanced (See Electronic Supplementary 
material S1). We repeated the same exercise with 50 and 75% enhanced variance. A second 
experiment comprised altering variability at the inter-annual scale. In this case, we added 25% to 
all the events in odd years and subtracted 25% to all events in even years in the 100-year record, 
so at the end of the 100-year period total precipitation was the same as control but the variability 
was 25% higher (S1). We repeated the experiment for 50 and 75% increased variability. Finally, 
we enhanced precipitation variability at the 3, 6, 9 and 12-year scale. For example, in the 3-year 
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case, we added 25% to each event in the first 3 years (years 1-3), subtracted 25 % in the 
following 3years (years 4-6), and added 25% for years 7-9. We followed the same pattern until 
the end of the 100 year period and increased variability for 6, 9 and 12-year variability 
treatments following the same procedure. We repeated this exercise for 35 locations that 
encompass the climatic variability of North American arid to sub-humid ecosystems that range 
from deserts to temperate grasslands (Fig.1). This region represents most of the climatic 
variability of global drylands (Bailey 1998). 
 
2.4 Statistical analyses 
All data analyses were performed in R v. 2.12 (R Development Core Team 2012). We ran 
ANCOVA analyses for each response variable at each variability temporal scale. Each linear 
model included one response variable (transpiration, evaporation, percolation or wet-soil days) 
as a function of one continuous variable (mean annual precipitation) and one categorical variable 
(variability magnitude treatments: control, +25%, +50% and +75%) as a covariate. The control 
treatment was used as a baseline to which we contrasted all other levels of increased 
precipitation variability. Interaction terms between each increased precipitation variability and 
mean annual precipitation were included in all cases but dropped when they were not significant. 
In order to test the significance of the break point we also ran separate analyses for sites where 
MAP falls below (Site MAP < 38 cm) around (28 cm < Site MAP < 48 cm) and above (Site 
MAP > 38) the break point. We used 5% significance level for single test analyses and adjusted 
our alpha value in order to maintain a 5% family wise significance level on multi-test analyses 
using the Bonferroni adjusted p-value (Wright 1992). Supplementary tables present analyses on 
transpiration and evaporation (S2a) and percolation and wet-soil days (S2b).  
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2.5 Model parameterization  
We collected daily precipitation and temperature, and monthly relative humidity, wind speed and 
cloud cover data for the 35 locations (Fig.1) from US National Climate Data Center (NCDC; 
(http://www.ncdc.noaa.gov/oa/ncdc.html).  Then, we used these data in a first-order Markov 
analysis to generate 100 years of daily climate variables for each site (Minnick and Coffin 1999; 
Peters 2000).  A Markov analysis retains the pattern of rainfall amount observed in the historic 
data. To avoid confounding continental climate and soil patterns, the model used a single soil 
profile representing a sandy-loam soil (58% sand, 19% clay). Given that our questions were 
about precipitation variability, we kept soil characteristics constant. We repeated the same 
analysis with clay-loam soils (32% sand, 34% clay) and found the same patterns. Consequently, 
clay-loam results are not reported here. We used SOILWAT to model the effect of precipitation 
variability on several ecosystem-level variables across a broad range of climatic conditions. 
Although those conditions coincide with different vegetation types from a biogeographical point 
of view (Bailey 1998), SOILWAT was not parameterized differently for each vegetation type 
assuming that ecosystem characteristics do not change independently of climate but they are 
determined by climate.  
 
2.6 Response variables 
Runs of SOILWAT for 100 years and experiments generated a large volume of data. In order to 
address the central questions of this work, we report on a synthetic variable of soil water 
availability and the three major losses of water from the soil: plant transpiration, soil 
evaporation, and deep percolation. Because it was difficult to report soil water content for every 
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single layer, day and experimental condition, we chose to use the number days in which the soil 
water potential was above -1 MPa. Changing this threshold to define wet conditions to -1.5 MPa 
did not modify any of the results and conclusions.  
 
3 Results 
Transpiration increased with mean annual precipitation (MAP) from arid to semiarid and sub-
humid ecosystems (Fig. 3 a-c and S2 a-c). The magnitude of precipitation variability had 
different effects on transpiration depending on the scale of variability and the MAP of the site. 
At the intra-annual scale, we found no effect of increased precipitation variability on 
transpiration. However, at the inter-annual scales, enhanced variability resulted in an increase in 
transpiration for sites with low MAP and reduced transpiration for sites with high MAP. The 
MAP value at which the enhanced variability model crossed the control, or the MAP at which 
there was no effect between control and enhanced precipitation variability, ranged between 440 
and 350 mm yr
-1
 for the different treatments with a mean of 380 mm yr
-1
.  
A detailed statistical analysis that divided the precipitation gradient in three segments, 
<380, 280-480, >380 mm yr
-1
, reinforced the pattern reported above regarding the effects on 
transpiration of magnitude of precipitation variability and the scale of variability, from intra-
annual to inter-annual and multi-year (Table 1). Sites with MAP below 380 mm yr
-1
 showed an 
increase in transpiration with increasing precipitation variability; sites receiving between 280 and 
480 mm of annual precipitation showed no effect of variability, and sites above 380 mm yr
-1
 
showed a negative effect of precipitation variability. Another important aspect of this analysis is 
that the effect of the scale of variability is larger than the effect of the magnitude of variability. 
At the intra-annual scale, there was a significant effect only at 75% enhanced precipitation 
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variability in the < 380 mm yr
-1
 group. In the case of the six-year inter-annual scale of 
variability, there were significant differences in both regions below and above 380 mm yr
-1
, and 
for 50 and 75% enhanced precipitation variability. 
Soil evaporation decreased with MAP as a result of increasing leaf area and a 
corresponding reduction in bare soil (Fig. 3 d-f and S2 d-f). In arid sites with low plant cover and 
a high percentage of bare soil, a larger fraction of the water losses occur via soil evaporation. 
Variability at the 3- and 6-yr scales decreased soil evaporation for all locations regardless of 
MAP (Table 1).  Deep percolation increased with MAP, and precipitation variability enhanced 
this effect (Table 1, Fig. 3 g-i and S2 g-i). Patterns in soil water availability, expressed as the 
average number of days per year when the soil was wet (soil water potential > -1MPa), reflected 
patterns of transpiration, evaporation and deep percolation (Fig 3 j-i and S2 j-i). Increased 
precipitation variability increased soil water availability in sites with mean annual precipitation 
less than 380 mm yr
-1
 and strongly decreased it in sites with mean annual precipitation greater 
than 380 mm yr
-1
 response (Table 1). 
 The effects of precipitation variability on water losses were associated with changes in 
the distribution of available water in the soil profile (Fig 4. a-b). In locations with MAP below 
the 380 mm yr
-1
, increased precipitation variability resulted in a deepening of the soil water 
profile (Fig 4. a). There was a significant (P < 0.05) increase in the number of wet days in deeper 
soil layers as a result of increased precipitation variability. Maximum soil wetness, expressed as 
number of wet days per year, occurred at 10-cm depth in the control and at 50-cm depth in the 
75% enhanced precipitation variability treatment. In the uppermost soil layers, there were no 
changes in the number of wet days, which remained very low and close to the number of events 
per year. In these dry environments, the top layer only stays wet the day that it rains and the day 
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after, independently of event size. In locations above 380 mm yr
-1
, increased precipitation 
variability significantly decreased water availability in the uppermost layer while deepest layer 
remained wet (Fig 4. b).  
 
4 Discussion 
The first conclusion of this article is that the scale of variability had a much larger effect on 
transpiration, percolation and soil water availability than the magnitude of variability. At the 
intra-annual scale, increased variability from control up to +75% had non-significant effects on 
soil-water availability and all paths of water loss. On the contrary, the same increased variability 
had a much larger effect at the 3 or 6-yr time scale. Consequently, the effects of climate change 
on multi-year increased variability will have a larger ecosystem impact than its effects on intra-
annual variability. The second conclusion is that there is a break point at around 380 mm yr
-1
 of 
MAP, ranging between 440 and 350 mm yr
-1
. Below 380 mm yr
-1
, enhanced precipitation 
variability increased soil-water and plant transpiration whereas above 380 mm yr
-1
, increased 
precipitation variability decreased soil-water availability and transpiration, mostly through 
enhanced deep percolation.  
 The mechanism of the effects of precipitation variability on water availability with 
differential effects on arid and mesic grasslands is related to its effects on water distribution in 
the soil profile (Fig 4. a-b). In ecosystems with MAP below 380 mm yr
-1
, enhanced variability at 
3 and 6-years shifted the soil-water profile downwards (Fig. 4a). Consequently, there was a 
reduction in bare soil evaporation, which occurs only from the uppermost layer, and an increase 
in transpiration. Because the total amount of precipitation is low, enhanced precipitation 
variability did not affect deep percolation, which in all cases was negligible.  In grasslands with 
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MAP above 380 mm yr
-1
, enhanced precipitation variability also shifted the soil-water 
availability profile downwards with a reduction in soil water in the uppermost layers. This 
change in the distribution of soil water towards deeper soil layers significantly increased deep 
percolation and had small effect on soil evaporation, which is already very small in humid 
ecosystems with high plant cover and minimum bare soil. The increased in deep percolation and 
the negligible effect on evaporation resulted in a reduction in water availability and transpiration 
(Fig, 4b). Increased precipitation variability drastically increased deep percolation and reduced 
the amount of water in the soil profile explored by roots. Increased precipitation variability also 
reduced soil evaporation, but this loss is quite small in mesic ecosystems and therefore had 
minimal impact on overall water balance.  
The mechanism linking increased precipitation variability with the shift in the location of 
the water-availability profile is the result of the disproportional increase of depth of water 
penetration with amount of rainfall (Sala et al. 1992). The increasing depth per unit of rainfall 
with increasing annual rainfall results from the decreasing importance of the upward flow of soil 
evaporation (Fig 3).  For example, evaporation is approximately 50% of total rainfall in sites 
with 300 mm yr
-1
 of mean annual precipitation, and 20 % in sites with 600 mm yr
-1
 (Fig 3). 
Under wet conditions, each rainfall event has a high probability of finding a wet soil and 
penetrating deep into the soil. Under dry conditions, each rainfall event will likely find a dry soil 
wetting only shallow layers where water is lost via evaporation.  In our case, increase in 
precipitation variability increases the mean depth of the wettest soil layer and deepens the soil-
water profile.  
The increasing effect of precipitation variability with temporal scale is associated with 
the amount of precipitation received in a few wet days versus a few wet years. The latter is much 
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larger and therefore it results in a further shift in the soil-water profile. A few wet years have a 
larger impact on the distribution of the water in the soil profile than of a few wet days.  
The 380 mm yr
-1
 MAP average break point reported here is remarkably similar to the 370 
mm yr
-1
 threshold for the inverse texture hypothesis based on primary production data from 9498 
locations in the Central Grassland Region of the US (Sala et al. 1988). The primary production 
analysis showed that for locations below 370 mm yr
-1
, coarse-textured soils (sandy) had higher 
production than fine-textured soils (clay and silt). On the contrary, sandy soils were less 
productive than fine textured soils for locations above 370 mm yr
-1
. The explanation for the 
inverse texture hypothesis is also associated with water distribution in the soil profile as modified 
by soil texture. Sandy soils have low water holding capacity such that the same size precipitation 
event penetrates deeper than in clay soils. The deeper distribution of water in sandy soils is 
beneficial in dry ecosystems because it reduces soil evaporation losses and leaves more water 
available for transpiration.  In sites with MAP higher than 370 mm yr
-1
, sandy soils are less 
productive than clay soils because downward water movement in the profile enhances deep 
percolation with less water available for plants. Both effects are parallel to those generated by 
increasing precipitation variability. The remarkable match between these two independent 
analyses, one based on observations of primary production and soils, and the other on modeling, 
support each other. The modeling experiments support the mechanisms invoked for the inverse 
texture hypothesis, and the observational data provide an independent validation of the modeling 
results about effects of precipitation variability on ecosystem water availability. 
 Our results suggest that climate change-induced increases in precipitation variability will 
have: (1) beneficial effects on arid ecosystems and negative effects on more mesic ecosystems 
and (2) larger effects at inter- than intra-annual scale. Pioneering work on ecosystem responses 
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to precipitation variability conducted in the Tallgrass Prairie (800 mm yr
-1
) showed that 
increased intra-annual variability in precipitation can reduce primary production (Heisler-White 
et al. 2009). Similar experiments in other locations show that increases in intra-annual 
precipitation variability can increase production in arid ecosystems and decrease it in more mesic 
ecosystems (Heisler-White et al. 2008; Knapp et al. 2008a; Heisler-White et al. 2009; Thomey et 
al. 2011). These results at the intra-annual scale support the findings of our modeling 
experiments. However, we are not aware of experimental manipulations of precipitation 
variability at the inter-annual scale across a range of grassland types. We speculate that plant 
community dynamics, which were not included in our modeling effort, will become more 
important at the inter-annual scale. Death of individuals or plant parts during prolonged drought 
(Reichmann et al. 2013; Reichmann and Sala 2014) may constrain the ability of arid ecosystems 
from benefiting from increased water availability associated with higher precipitation variability. 
Our simulation model yields results that are compatible with the Knapp conceptual model 
(2008b) although both are different. Knapp’s model is based on plant physiology concepts, while 
ours is based on first principles of soil physics. The Knapp model assumes that there are anoxia 
and drought thresholds and that plants in xeric systems under ambient conditions are mostly 
below the drought threshold and increasing precipitation variability puts them above this 
threshold. In hydric systems and under ambient conditions, plants are between the anoxia and 
drought thresholds and increasing precipitation variability puts them above the anoxia threshold. 
Another consequence of climate-change-induced increased precipitation variability and 
the resulting downward shift in the soil water profile is that it may lead to changes in plant-
species composition favoring deep rooted over shallow rooted species. These circumstances may 
accelerate the process of woody-plant encroachment (Barger et al. 2011) where shallow-rooted 
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grasses are being replaced by deep-rooted woody plants. This phenomenon is already prevalent 
with woody-cover increasing at a rate of ranging from 0.5 to 2% per year and costing large sums 
of money in several control practices, such as burning or herbicide spraying (Archer and Predick 
2014; Ratajczak et al. 2014). Just in the US and between 2005 and 2009, the Natural Resource 
Conservation Service has spent $127M in brush control (Tanaka et al. 2011).  A recent study 
reported that woody-plant encroachment in North and South America results in significant 
decreases in livestock production, which is one of the major ecosystem services of drylands 
(Anadón et al. 2014). Regardless of the current origin of this phenomenon, our results suggest 
that it will be accelerated as a result of the expected increase in precipitation variability. 
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 Table 1 Estimates of slopes of linear regression models of ANCOVA coefficients for transpiration as function of mean annual precipitation for three 
levels of precipitation variability (control, + 25%, +50%, +75%) for and two temporal scales of precipitation variability (Intra-annual and six-year inter-
annual). The same analysis was repeated for sites below 38 cm, between 28 cm and 48 cm, and over 38 cm mean annual precipitation. Estimates are the 
mean difference of each treatment to the control (T cm yr-1/ cm yr-1 MAP). Positive values indicate that the regression line for a treatment is above the 
control and negative values indicate the opposite. Asterisks indicate significant differences at 5% and period indicate significant difference at 10% 
familywise level of significance. 
Site MAP < 38 cm Transpiration Evaporation Percolation Wet-soil days 
 
Variability Scale Variability Scale Variability Scale Variability Scale 
Variability 
Magnitude 
Intra-
annual 
6-year Inter-
annual Intra-annual 
6-year Inter-
annual 
Intra-
annual 
6-year Inter-
annual Intra-annual 
6-year Inter-
annual 
25% 0.21 
ns
 0.45 
ns
 -0.18 
ns
 -0.31 
ns
 0.01 
ns
 0.09 
ns
 2.08 
ns
 2.5 
ns
 
50% 0.86 
ns
 1.32 
.
 -0.8 
ns
 -1.27 
.
 0.05 
ns
 0.44 
ns
 7.98 
ns
 7.83 
ns
 
75% 1.85 
*
 2.45 
*
 -1.68 
*
 -2.76 
*
 0.14 
ns
 1.19 
*
 16.98 
*
 14.28 
*
 
28 < Site MAP < 48  cm                               
 
Variability Scale Variability Scale Variability Scale Variability Scale 
Variability 
Magnitude 
Intra-
annual 
6-year Inter-
annual Intra-annual 
6-year Inter-
annual 
Intra-
annual 
6-year Inter-
annual Intra-annual 
6-year Inter-
annual 
25% 0.18 
ns
 0.15 
ns
 -0.18 
ns
 -0.26 
ns
 0.04 
ns
 0.48 
ns
 1.84 
ns
 0.75 
ns
 
50% 0.75 
ns
 0.26 
ns
 -0.72 
ns
 -1.24 
*
 0.15 
ns
 1.84 
.
 6.76 
ns
 -0.81 
ns
 
75% 1.68 
ns
 0.94 
ns
 -1.37 
*
 -3.17 
*
 0.39 
ns
 3.96 
*
 14.69 
ns
 -1.09 
ns
 
Site MAP > 38 cm                                 
 
Variability Scale Variability Scale Variability Scale Variability Scale 
Variability 
Magnitude 
Intra-
annual 
6-year Inter-
annual Intra-annual 
6-year Inter-
annual 
Intra-
annual 
6-year Inter-
annual Intra-annual 
6-year Inter-
annual 
25% 0.17 
ns
 -0.74 
ns
 -0.08 
ns
 -0.19 
ns
 0.13 
ns
 1.6 
ns
 1.44 
ns
 -6.62 
ns
 
50% 0.61 
ns
 -2.75 
*
 -0.33 
ns
 -0.97 
.
 0.58 
ns
 5.5 
*
 4.02 
ns
 -27.22 
*
 
75% 1.58 
ns
 -3.86 
*
 
-0.53 
ns
 -2.63 
*
 
1.58 
*
 10.47 
*
 
8.69 
ns
 -40.32 
*
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Figure Legends 
 
Figure 1 Location of the sites where the simulation model was run on a background map of 
mean annual precipitation. Site code, name and state are SPOK Spokane, WA; BOI Boise, ID; 
WINN Winnemucca, NV; LVG Las Vegas, NV; SGM Granite Mountains, CA; DCD Deep 
Canyon Desert, CA; KING Kingman, AZ, CAP Central Arizona Phoenix LTER, AZ ; SRE Santa 
Rita Experimental Range, AZ; WGE Walnut Gulch Experimental Range, AZ; SRS Southwest 
Research Station, CA; JRN Jornada Basin LTER NM; SEV Sevilleta LTER, NM; NWK; CPER 
Central Plains Experimental Range LTER, CO; CAS Casper, WY; BILL Billings, MO; FTK Fort 
Keogh, MO; SHIELDS Shields, ND; BTN Britton, SD; MINN; CDR Cedar Creek LTER, MN; 
OMAH Omaha, NE; GOOD Goodland, KS; HAYS Hays Experimental Range, KS; GUY 
Guymon, OK; SPR Southern Plains Range Research Station, OK; GRL Grazinglands Research 
Laboratory, OK; MID Midland, TX; ROBLEE Robert Lee, TX; GSW Grassland Soil and Water 
Research Laboratory, TX; BBNP Big Bend National Park, TX. 
 
Figure 2 Return period (in years) of extreme events for all modeled climate treatments 
Extreme wet (a) and dry (b) events are defined as precipitation years wetter than the 95
th
 and 
drier than the 5
th
 percentile of the ambient precipitation normal distribution. Dashes indicate the 
mean return period for the 100-year modeled climate for each treatment. 
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Figure 3 Effects of precipitation variability and its scale on plant transpiration, soil 
evaporation, deep percolation and soil water availability for 35 locations along a gradient 
of mean annual precipitation. a-c plant transpiration (cm yr
-1
), d-f soil evaporation (cm yr
-1
), g-
i deep percolation(cm yr
-1
) and j-l soil water availability (number of days per year when average 
soil water potential was greater than -1 MPa). ). a,d,g,j show results of changes in intra-annual 
variability; b,e,h k show results of enhanced precipitation at the 3-year scale and c,f,i,l show 
results at the 6-year scale. Each data point represents one of the 35 locations for each treatment 
and lines are regression lines per treatment.  Control (black dots and lines), enhanced 
precipitation variability by 25 % (green), 50 % (blue) and 75% (red). Slope of each model is 
indicated as b and R squared values correspond to overall ANCOVA R squared for each variable 
at each variability scale. Different letters associated with the slopes indicate significant (p <0.05) 
differences versus control. Details of statistical analyses can be found in S2a and S2b.  
 
Figure 4 Effects of precipitation variability on the distribution of water in the soil profile as 
modulated by mean annual precipitation. a for all sites with mean annual precipitation below 
380 mm yr
-1
 and b for sites with mean annual precipitation above 380 mm yr
-1
. Soil water 
availability is expressed as the average number of days when soil water potential was above -
1MPa. Control (black line), enhanced precipitation variability at the 9-yr scale by 25 % (green), 
50 % (blue) and 75% (red). Comparisons among variability treatments for each depth are 
depicted by letters. Each letter indicates the significance difference of each treatment represented 
by the color at each depth. ns indicates non-significant differences at the indicated depth.  
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S1 Relationship between annual ambient precipitation and the precipitation for all the sites 
and all the treatments for the experimental 100-year period. Most of the points fall on or 
close to the 1:1 line indicating that the experimental modification of variability did not modify 
the mean. 
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S2 Effects of precipitation variability and its scale on plant transpiration, soil evaporation, 
deep percolation and soil water availability for 35 locations along a gradient of mean 
annual precipitation. a-c plant transpiration (cm yr
-1
), d-f soil evaporation (cm yr
-1
), g-i deep 
percolation(cm yr
-1
) and j-l soil water availability (number of days per year when average soil 
water potential was greater than -1 MPa). a,d,g,j show results of changes in inter-annual 
variability enhanced precipitation at the 1-year scale; b,e,h k show results of enhanced 
precipitation at the 9-year scale and c,f,i,l show results at the 12-year scale. Each data point 
represents one of the 35 locations for each treatment and lines regression lines per treatment.  
Control (black dots and line), enhanced precipitation variability by 25% (green), 50% (blue) and 
75% (red). Slope of each model is indicated as b and R squared values correspond to overall 
ANCOVA R squared for each variable at each variability scale. Different letters associated with 
the slopes indicate significant (p <0.05) differences versus control.  
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Table S2a Results for statistical analyses of mean transpiration and evaporation as a function of mean annual precipitation 
across increased variability treatments. 
  Transpiration   Evaporation 
Intra-annual variability Slope SE t-value P   Slope SE t-value P 
Model Intercept -2.523 1.63 -1.55 0.124   19.616 1.37 14.27 < 0.001 
Control 0.434 0.03 13.75 < 0.001   -0.144 0.03 -5.39 < 0.001 
Contrasts of treatments to control                 
25% -0.002 0.05 -0.05 0.959   0.003 0.04 0.08 0.935 
50% -0.008 0.05 -0.19 0.852   0.013 0.04 0.35 0.725 
75% -0.007 0.05 -0.15 0.885   0.03 0.04 0.79 0.43 
  Model: R
2
 = 0.85, F(7,132) = 106.4, P < 0.001.   Model: R
2
 = 0.43, F(7,132) = 14.42, P < 0.001. 
1-year inter-annual variability                   
Model Intercept -2.523 1.59 -1.58 0.116   19.616 1.26 15.55 < 0.001 
Control 0.434 0.03 14.05 < 0.001   -0.144 0.02 -5.87 < 0.001 
Contrasts of treatments to control                 
25% -0.029 0.04 -0.67 0.504   0.005 0.04 0.16 0.875 
50% -0.104 0.04 -2.39 0.018   0.017 0.04 0.49 0.628 
75% -0.176 0.04 -4.03 < 0.001   0.023 0.04 0.67 0.502 
  Model: R
2
 = 0.81, F(7,132) = 79.03, P < 0.001.   Model: R
2
 = 0.52, F(7,132) = 20.29, P < 0.001. 
36 
 
3-year inter-annual variability                   
Model Intercept -2.523 1.61 -1.57 0.118   19.616 1.29 15.21 < 0.001 
Control 0.434 0.03 13.95 < 0.001   -0.144 0.03 -5.75 < 0.001 
Contrasts of treatments to control                 
25% -0.036 0.04 -0.81 0.418   0.004 0.04 0.11 0.912 
50% -0.126 0.04 -2.85 0.005   0.013 0.04 0.38 0.705 
75% -0.203 0.04 -4.61 < 0.001   0.019 0.04 0.53 0.595 
  Model: R
2
 = 0.80, F(7,132) = 73.76, P < 0.001.   Model: R
2
 = 0.51, F(7,132) = 19.58, P < 0.001. 
6-year inter-annual variability                   
Model Intercept -2.523 1.63 -1.55 0.123   19.616 1.31 14.94 < 0.001 
Control 0.434 0.03 13.78 < 0.001   -0.144 0.03 -5.65 < 0.001 
Contrasts of treatments to control                 
25% -0.036 0.05 -0.82 0.416   0.003 0.04 0.08 0.935 
50% -0.129 0.05 -2.89 0.004   0.01 0.04 0.27 0.789 
75% -0.207 0.05 -4.64 < 0.001   0.014 0.04 0.39 0.696 
  Model: R
2
 = 0.79, F(7,132) = 71.36, P < 0.001.   Model: R
2
 = 0.50, F(7,132) = 18.92, P < 0.001. 
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  Transpiration   Evaporation 
9-year inter-annual variability Slope SE t-value P   Slope SE t-value P 
Model Intercept -2.523 1.66 -1.52 0.132   19.616 1.33 14.80 < 0.001 
Control 0.434 0.03 13.46 < 0.001   -0.144 0.03 -5.59 < 0.001 
Contrasts to control                   
25% -0.034 0.05 -0.75 0.452   0.001 0.04 0.03 0.973 
50% -0.124 0.05 -2.72 0.007   0.007 0.04 0.19 0.853 
75% -0.201 0.05 -4.41 < 0.001   0.011 0.04 0.30 0.764 
  
Model: R
2
 = 0.79, F(7,132) = 68.86, P < 
0.001.   
Model: R
2
 = 0.50, F(7,132) = 18.62, P < 
0.001. 
                    
12-year inter-annual variability                   
Model Intercept -2.523 1.62 -1.56 0.122   19.616 1.31 14.94 < 0.001 
Control 0.434 0.03 13.80 < 0.001   -0.144 0.03 -5.65 < 0.001 
Contrasts to control                   
25% -0.036 0.04 -0.81 0.418   0.003 0.04 0.07 0.944 
50% -0.131 0.04 -2.94 0.004   0.009 0.04 0.26 0.798 
75% -0.212 0.04 -4.76 < 0.001   0.014 0.04 0.40 0.693 
  
Model: R
2
 = 0.79, F(7,132) = 71.38, P < 
0.001.   
Model: R
2
 = 0.50, F(7,132) = 18.86, P < 
0.001. 
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Table S2b Results of statistical analyses of deep percolation and soil water content as a function of mean annual 
precipitation across increased variability treatments.  
  Percolation   Wet-soil days 
Intra-annual variability Slope SE t-value P   Slope SE t-value P 
Model Intercept -3.670 1.07 -3.43 0.001   -14.308 12.74 -1.12 0.264 
Control 0.150 0.02 7.22 < 0.001   3.435 0.25 13.91 < 0.001 
Contrasts of treatments to control                 
25% 0.004 0.03 0.13 0.898   -0.039 0.35 -0.11 0.912 
50% 0.019 0.03 0.65 0.518   -0.162 0.35 -0.46 0.644 
75% 0.054 0.03 1.84 0.069   -0.310 0.35 -0.89 0.377 
  Model: R
2
 = 0.67, F(7,132) = 39.04, P < 0.001.   Model: R
2
 = 0.84, F(7,132) = 103.02, P < 0.001. 
1-year inter-annual variability                   
Model Intercept -3.670 1.24 -2.97 0.004   -14.308 10.77 -1.33 0.186 
Control 0.150 0.02 6.25 < 0.001   3.435 0.21 16.45 < 0.001 
Contrasts of treatments to control                 
25% 0.031 0.03 0.91 0.365   -0.248 0.30 -0.84 0.402 
50% 0.117 0.03 3.46 0.001   -0.977 0.30 -3.31 0.001 
75% 0.238 0.03 7.03 < 0.001   -1.592 0.30 -5.39 < 0.001 
  Model: R
2
 = 0.81, F(7,132) = 79.2, P < 0.001.   Model: R
2
 = 0.85, F(7,132) = 104.19, P < 0.001. 
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3-year inter-annual variability                   
Model Intercept -3.670 1.30 -2.82 0.006   -14.308 10.41 -1.37 0.172 
Control 0.150 0.03 5.93 < 0.001   3.435 0.20 17.02 < 0.001 
Contrasts of treatments to control                 
25% 0.038 0.04 1.06 0.291   -0.235 0.29 -0.82 0.413 
50% 0.139 0.04 3.91 < 0.001   -0.997 0.29 -3.49 0.001 
75% 0.266 0.04 7.44 < 0.001   -1.703 0.29 -5.97 < 0.001 
  Model: R
2
 = 0.82, F(7,132) = 83.87, P < 0.001.   Model: R
2
 = 0.86, F(7,132) = 111.43, P < 0.001. 
6-year inter-annual variability                   
Model Intercept -3.670 1.38 -2.66 0.009   -14.308 10.27 -1.39 0.166 
Control 0.150 0.03 5.59 < 0.001   3.435 0.20 17.25 < 0.001 
Contrasts of treatments to control                 
25% 0.048 0.04 1.26 0.21   -0.265 0.28 -0.94 0.349 
50% 0.162 0.04 4.29 < 0.001   -1.084 0.28 -3.85 < 0.001 
75% 0.297 0.04 7.85 < 0.001   -1.718 0.28 -6.10 < 0.001 
  Model: R
2
 = 0.82, F(7,132) = 86.71, P < 0.001.   Model: R
2
 = 0.86, F(7,132) = 111.86, P < 0.001. 
 
  
40 
 
  Percolation   Wet-soil days 
9-year inter-annual variability Slope SE t-value P   Slope SE t-value P 
Model Intercept -3.670 1.41 -2.60 0.01   -14.308 10.36 -1.38 0.169 
Control 0.150 0.03 5.47 < 0.001   3.435 0.20 17.11 < 0.001 
Contrasts of treatments to control                 
25% 0.053 0.04 1.38 0.171   -0.263 0.28 -0.93 0.357 
50% 0.172 0.04 4.45 < 0.001   -1.011 0.28 -3.56 0.001 
75% 0.311 0.04 8.02 < 0.001   -1.655 0.28 -5.83 < 0.001 
  Model: R
2
 = 0.82, F(7,132) = 88.25, P < 0.001.   Model: R
2
 = 0.86, F(7,132) = 111.45, P < 0.001. 
                    
12-year inter-annual variability                 
Model Intercept -3.670 1.38 -2.65 0.009   -14.308 10.25 -1.40 0.165 
Control 0.150 0.03 5.59 0   3.435 0.20 17.29 0 
Contrasts of treatments to control                 
25% 0.040 0.04 1.05 0.294   -0.223 0.28 -0.79 0.429 
50% 0.149 0.04 3.93 0   -1.048 0.28 -3.73 0 
75% 0.278 0.04 7.34 0   -1.737 0.28 -6.18 0 
  Model: R
2
 = 0.81, F(7,132) = 80.39, P < 0.001.   Model: R
2
 = 0.86, F(7,132) = 114.1, P < 0.001. 
 
